The incomparability of old and new classification systems for describing the same data can be seen as a missingdata problem, and, under certain assumptions, multiple imputation may be used to "bridge" 2 classification systems. One example of such a change is the introduction of detailed Asian-American race/ethnicity classifications on the 2003 version of the US national death certificate, which was adopted for use by 38 states between 2003 and 2011. Using county-and decedent-level data from 3 different national sources for pre-and postadoption years, we fitted within-state multiple-imputation models to impute ethnicities for decedents classified as "other Asian" during preadoption years. We present mortality rates derived using 3 different methods of calculation: 1) including all states but ignoring the gradual adoption of the new death certificate over time, 2) including only the 7 states with complete reporting of all ethnicities, and 3) including all states and applying multiple imputation. Estimates from our imputation model were consistently in the middle of the other 2 estimates, and trend results demonstrated that the year-by-year estimates of the imputation model were more similar to those of the 7-state model. This work demonstrates how multiple imputation can provide a "forward bridging" approach to make more accurate estimates over time in newly categorized populations. death certificates; missing data; mortality; multiple imputation; race/ethnicity; vital statistics Abbreviations: AAR, age-adjusted rate; MAR, missing at random; MI, multiple imputation; MICE, multiple imputation by chained equations.
Classification systems change over time, often because of new knowledge or increased diversity of the types of data that are collected and summarized. After such a change, the incomparability of old and new systems to describe the same data can be seen as a missing-data problem, and techniques used to address missing data may be employed to "bridge" the 2 classification systems for achieving comparability between collection years (1) . In many cases, successful "bridging" depends on the availability of "double-coded" data-that is, a sample of the population for whom the variable has been measured using both classification systems.
Bridging 2 classification systems using algorithmic or imputation modeling strategies has been demonstrated twice previously using US Census data. In 1991, Clogg et al. (2) . used missing-data methods to achieve comparable occupation codes between the 1970 and 1980 US censuses, employing an available sample of double-coded data to establish an imputation model. This was an example of a "forward bridging" project, because an old classification system (the 1970 occupation codes) was mapped to a new classification system (the 1980 occupation codes). Another example of bridging was the use of an algorithm by the Office of Management and Budget to achieve comparable racial categories in vital statistics following the transition to multiple-race reporting in the 2000 census, enabling multiracial respondents to be mapped to single-race categories (as used in the 1977 census). This was an example of "backward bridging," because new race codes were mapped to the previous (more limited) racial categories. This Office of Management and Budget project, which is often simply referred to as "race bridging," was also the subject of a 2003 study (3) demonstrating that the use of imputation models reduces bias and improves precision over the Office of Management and Budget's algorithmic approach; those investigators used a double-coded sample of data from the National Health Interview Survey to form their multivariate model (1) .
In addition to accommodating multiple-race reporting, vital statistics collection has changed dramatically in the past 15 years. In particular, for Asians and Pacific Islanders, who were previously classified in 1 or 2 categories, available classifications have been expanded to include 10 or more distinct ethnicities that more accurately define the heterogeneity of Asian ancestry. Aggregated Asian-American populations were once considered to be the "model minority" in terms of morbidity and mortality (4) , but in recent years important health disparities have been demonstrated through studies that disaggregate Asian race/ethnicity (5) (6) (7) (8) (9) . Despite the important cultural, demographic, and health differences between Asian and Pacific Islander subgroups, "backward bridging," which aggregates all groups together into 1 Asian category, remains the standard approach to classifying Asians and Pacific Islanders in longitudinal analyses using vital statistics (10) , as well as for handling multiracial reporting (11) .
Prior to 2003, only 7 US states (California, Hawaii, Illinois, New Jersey, New York, Texas, and Washington), chosen in 1977 because they housed two-thirds of the nation's Asian Americans, collected detailed information on Asian ethnicity on the death certificate. These states reported on all of the following categories: Chinese, Japanese, Hawaiian, Filipino, Asian Indian, Korean, Vietnamese, Guamanian, Samoan, and "other Asian or Pacific Islander." For all other states, death certificate instructions provided only 4 categories-Chinese, Japanese, Hawaiian, and Filipino-and thus utilized the "other Asian and Pacific Islander" group for everyone else. The new-format death certificate, adopted by 39 states and the District of Columbia between 2003 and 2011, updated this list to reflect the expanded 7-state classification model. In this paper, we consider the state-by-state adoption of the new 2003 death certificate as a missing-data problem and employ a "forward bridging" approach to estimate the ethnicity-specific distribution of decedents classified as "other Asian or Pacific Islander" in preadoption years using multiple imputation (MI).
METHODS

Missing data and MI
In this study, we considered the classifications of Asian Indian, Korean, and Vietnamese (which were previously reported as "other Asian and Pacific Islander") to be intentionally missing in reporting years prior to an individual state's adoption of the 2003 version of the national death certificate. We used MI to "bridge" the older (more general) classification with the newer (more detailed) system.
MI is a widely used statistical technique designed to obtain statistically valid inferences from incomplete data (12) . MI uses the distribution of observed data to estimate a set of plausible values for the missing data, incorporating random components to reflect uncertainty. This is done iteratively, producing multiple "complete" or imputed data sets which are analyzed individually and then summarized to obtain estimates. MI may be an appropriate solution for a missing-data pattern if the assumption that the data are missing at random (MAR) holds. MAR means that the probability of any data point's being missing depends on observed information, including design factors, but no unobserved information. MAR does not hold if the probability of being missing depends on unobserved information-in that case, the missing-data mechanism would be considered missing not at random (13) .
For this study, the missing data are the specific ethnicities of decedents who were categorized as "other Asian or Pacific Islander" before their state adopted the new version of the death certificate. Accordingly, the MAR assumption might not hold if we consider that there are unknown or unmeasured factors that may have influenced a state's uptake of the new death certificate standard. However, it might be reasonable to assert a within-state MAR assumption because there are considerable (both contextual and individual-level) amounts of data available from each year (pre-and postadoption) for forming a data matrix to model the conditional probability of missingness. It is also plausible to assume that this missing-data mechanism is ignorable, because the process that generated the missing data is completely known, as it was artificially created based on the year in which each state adopted the new-format death certificate. Therefore, in this study we employed standard methods appropriate to data missing with an ignorable MAR mechanism, namely MI by chained equations (MICE). MICE is a flexible-approach MI which is practical because it allows for the user to specify a model based on the type of data being imputed (14) .
Study data
The data set subjected to MI was the Multiple Cause of Death file from the National Center for Health Statistics, which contains detailed decedent information for the years 2003-2011 (15) . We included data from 39 states and the District of Columbia, all of which adopted the new version of the US Standard Certificate of Death in 2003 (when it became available) or in the years following its release, up to the year 2011. Thirteen of these states started using the new version right away; their data were not imputed. Twenty-seven states adopted the new format over time. We required at least 2 years of postadoption data in order to impute ethnicities in preadoption years; 1 state failed this requirement (see Web Table 1 , available at https://academic.oup.com/aje).
The primary objective of the proposed MI model was to estimate the distribution of "other Asian and Pacific Islander" deaths that would have been classified as Asian Indian, Korean, or Vietnamese had the new certificate been in use in the decedent's state at the time of their death. As such, we considered the true race of any "other Asian" decedent in the preadoption years of the eligible states to be missing, and we imputed 4 possible categories: Asian Indian, Korean, Vietnamese, or "other Asian." "Other Asian and Pacific Islander" would include only mixed races and other minor Asian and non-Hawaiian/Pacific Islander races/ ethnicities.
The following decedent characteristics were included as variables in the imputation model: sex, ethnicity (for data from postadoption years), age in years, (age in years − 55) 2 , educational level in 4 categories (less than high school diploma, high school diploma but less than a college degree, college degree or higher, and unknown), foreign-born status in 3 categories (US native, foreign-born, and unknown), and cause of death in 4 categories (cardiovascular disease, cancer, accident/suicide/homicide, and other). (The 55-year offset for the age quadratic term was chosen as a reasonable central value to improve stability.) The National Center for Health Statistics processes death index data before releasing it by "race bridging" decedents who report multiple races and imputing race/ethnicity for any decedent whose race is recorded as "unknown" or "other." These records are flagged in the raw data and were excluded for our purposes throughout.
We used 2 additional data sets that, based on prior knowledge, we believed would be informative about the distribution of the demographic and socioeconomic characteristics in the county of death for all decedents and thus useful for predicting the Asian subgroup composition of deaths in the state. For demographic characteristics, we included Asian subgroup population statistics from census data chosen to represent the age-and sex-specific distribution of each Asian subgroup at the county level. These were 2 variables which were stratified by year, county, and ethnicity: 1) percentage of Asians in the decedent's sex and age category who are of the given ethnicity and 2) percentage of persons of the given ethnicity and sex who fall into the decedent's age category. These values were The US Census suppresses race-stratified population counts for counties where there are fewer than 100 individuals of that ethnicity in residence. For such counties we applied an algorithm, the details of which are provided in the Web Appendix. For socioeconomic variables, we included county-level data from the American Community Survey from the year 2007 (the midpoint of our follow-up period). These included: median household rent, median household income, percentage of black residents, percent unemployment, percentage of high school dropouts, percent Asian (total), percentage of each Asian subethnicity, and percentages of Asians who 1) moved between counties, 2) moved between states, and 3) immigrated from abroad. The rectangular data matrix produced from combining these 3 data sets (National Center for Health Statistics death certificates, census population statistics, and American Community Survey variables) for all states eligible for imputation included 36 variables and 29,143 rows (Web Table 2 ).
Statistical model
We fitted within-state MI models with chained equations using the MICE package in R 3.1.1 (R Foundation for Statistical Computing, Vienna, Austria) (16) (17) (18) . We excluded decedents with ethnicities that were reported as white, black, American Indian, Chinese, Japanese, Hawaiian, or Filipino from the imputation data sets, because those categories were reported consistently throughout and the Asian deaths that needed to be imputed could not take those values. The remaining categories (Asian Indian, Korean, Vietnamese, and other Asian) were treated as an unordered categorical variable for which we used multinomial logistic regression imputation.
For most analyses, 5 imputed data sets were created for each state, and the deaths for the categories with consistent reporting were then added to each of those data sets for summarization.
Summarizing across imputations
Vital statistics are presented in rates, so our methods deviate from the typical summarization of MI data sets, which is usually achieved via statistical modeling by imputation set and then combining the model parameter estimates. For our purposes, the statistic of interest was age-adjusted (directly standardized) mortality rates. To do this, we first calculated age-adjusted rates (AARs) (to the 2000 US standard population) for each imputation data set (19) . Our approach for handling variance components when combining results, for which we refer to section 2.3.2 in van Buuren's Flexible Imputation of Missing Data (20) , follows Rubin's rules (21) based on asymptotic theory in a Bayesian framework and incorporates both withinimputation variability and between-imputation variability. While typically applied to regression coefficients, Rubin's rules are also appropriate for standard deviations, with sensible transformation before combining estimates to ensure normality (22) . Our 95% confidence intervals were based on the (approximately normal) log adjusted rate estimate ± 1.96 times its estimated standard deviation. We calculated overall and cause-specific AARs in 3 ways: 1) including deaths from all states without any consideration of the certificate adoption over time ("all states"); 2) including only the 7 states with consistent reporting of Asian subgroups since 1977 ("7 states"); and 3) including all 38 states but applying our imputation model for states adopting the new certificate during the follow-up period ("imputation"). We also created figures for trend analysis using combined estimates, by ethnicity and cause of death. Our analysis did not account for deaths from other causes as competing events.
Validation analysis
Since our model data did not include a double-coded sample (other than states with full reporting for all years), we performed validation analyses to evaluate the reliability of our strategy. In the first analysis, we used our model to impute the first year of full race reporting for all states with at least 3 years of postadoption data. In the second, we used the model to impute known data in ranges of 2, 3, and 6 years for 6 selected states (one from each geographic region) with full reporting for all years. For both analyses, we present true death counts, imputed death counts (summarized over 15 iterations of MI), their ratio, and the absolute difference between them for each of the 4 imputed ethnicities: Indian, Korean, Vietnamese, and other Asian.
Sensitivity analysis
In the primary imputation model, we included decedentand county-level factors that we expected to be most predictive of decedent race. Year of death was not included in our primary model because trends might have changed over time, leading to inaccurate estimates for states with limited postadoption data. We also included 2 potentially redundant sets of variables to describe county demographic characteristics: race distributions within the decedent's age group and age distributions within each race, both by year. We conducted a sensitivity analysis using 4 more methods of imputation in MICE. For 2 of them, we used the same imputation method (multinomial logistic regression) with different sets of covariates. We added year as a numerical variable and dropped the race distribution within the decedent age groups. In another, we dropped the age distribution within each race group. We also used 2 other imputation methods with the original set of variables: linear discriminant analysis and classification trees from CART (classification and regression trees). We compared combined all-cause, cardiovascular, cancer, and external-cause AARs and yearly allcause AARs by MI method.
Early work by Rubin (21) established that small numbers of imputations are generally sufficient for valid point estimation. More recent research suggested that significantly larger numbers of MIs may be needed for accurate confidence intervals (14, 23, 24) . Because we were interested in developing a technique rather than making precise inferences, we generally created 5 imputed data sets, the MICE default. However, for our main method we also created 20 and 50 imputation data sets and compared results.
RESULTS
Assessment/impact of missing data
In Figures 1-3 , we illustrate how the raw death counts change by year for select states by plotting ethnicity-specific deaths alongside all Asian deaths. New York has full reporting for all years; for all other states, the year of adoption is evident by the first nonzero count of ethnicity-specific deaths. Table 1 provides death counts for 13 states with all reporting years and pre-and postimputation death counts for 26 states that had at least 2 years of postadoption data. For the latter, the vast majority of deaths in early years were categorized as "other." After imputation, a portion of those deaths were reclassified as either Asian Indian, Korean, or Vietnamese.
Overall and cause-specific AARs Tables 2 and 3 include overall and cause-specific AARs calculated for our "all states," "7 states," and "imputation" models. We observed that AARs generally differed depending on the sample and approach used. In general, we found the lowest overall rates when using all states and all years but ignoring the gradual adoption of the death certificate, and the highest rates when considering only the 7 states with the highest populations of Asian Americans. Rates based on our imputed data consistently fell between these 2 estimates.
Trend analyses
Trend analyses for all-cause mortality rates are provided in Figure 4 (for males) and Figure 5 (for females). Cause-specific trends in mortality rates are provided in Web Figures 1 and 2 for males and females, respectively. Annual rates produced from data subjected to imputation were closer to the 7-state model estimates for all-cause mortality and for most specific causes. Separation of the 3 lines in the early reporting years, followed by a narrowing of the lines and formation of a unified trend in the later years, reflects the adoption of the new death certificate over time: By 2011, all included states had adopted the new format.
Validation analysis
In validation analyses designed to investigate the reliability of our approach, we first imputed known death counts for the first year after adoption of the new-format death certificate (Table 4) . We found that the average imputed death count for Asian Indians was very close to the true count (+1%), the average imputed count for Koreans was noticeably higher (+18%), and the average imputed count for Vietnamese was in between the previous two (+7%), while the imputed count for other Asians was moderately lower (−7%). Next we used our model to impute known death counts for states that had complete reporting over the follow-up period (Table 5) . Even with incremental consideration of the time frame of imputation (i.e., 2 years', 3 years', and 6 years' worth of data), we found very high agreement between the imputed mean and true values for all ethnicities. None of the imputed death counts for each of the 4 categories were ever more than 10% higher or lower than the true value. In sensitivity analyses, we specified 5 alternative MI models and compared results with our main MICE model for all-cause and cause-specific mortality. Combined imputed estimates were virtually indistinguishable between our alternative models and our main model (Web Figure 1, parts A-F) . We also found no differences when using greater numbers of imputations (Web Table 3 ).
DISCUSSION
Our imputation strategy was designed to be a "forward bridging" approach to a new classification system-that is, a method of migrating data from an old, more aggregated classification system to a newer, more granular one. We supported this strategy using county-level data from several national data sources, thereby demonstrating the novel use of longitudinal contextual measures to address missing data for vital statistics. Specifically, we sought to account for missing data for certain Asian subgroups (Asian Indians, Korean, and Vietnamese) due to inconsistent state adoptions of the new 2003 US Standard Certificate of Death.
Applying our model, we demonstrated that all-cause mortality rates for the affected Asian ethnicities were substantially higher when they were compared with rates which handled missingness via deletion. Cause-specific rates were a similar degree higher respective to Asian ethnicity using our model as well. We also found that mortality rates were highest using a 7-state model, suggesting that disaggregated rates calculated for only the 7 states with detailed reporting since 1977 may overestimate the burden of Asian mortality. We believe that the most likely explanation for this is that these 7 states do not represent a random sample of the Asian subgroup mortality for the United States as a whole, and rates of mortality differ by region among Asian subgroups. Overall, this novel approach begins to address acknowledged limitations in reporting of Asian subgroup mortality due to inconsistent state adoption, and it further demonstrates underestimation of currently reported disparities in Asian subgroup mortality (6, 25) . Recent efforts have set an important precedent for disaggregating Asian-American mortality data at a national level, despite acknowledged limitations (6, 25) . This study builds upon the larger aim to accurately characterize mortality heterogeneity between the varying Asian ethnicities, and it does so by optimizing our previous estimates. While previously reported c Prior to adoption of the new death certificate by each state, ethnicities for these individuals were considered "missing" and were imputed using a multiple-imputation model.
d All states were required to have at least 2 years of postadoption data, so the "before imputation" and "after imputation" counts for the years 2010 and 2011 are identical. disparities between groups persist, our study sheds light on the magnitude to which those rates may have been underestimated, suggesting even greater disparities for these populations. Accurately reported ethnicity in health data is critical to assessing and addressing health disparities in these rapidly growing and diverse populations. Although it may not be evident from the nationally aggregated results we have presented, the problem of data missingness due to gradual adoption of the new death certificate becomes critical if the objective is to look at regional variation in Asian mortality. Nationwide, we imputed about 8% of the total deaths among Asian Indians, but within states subjected to imputation, the proportion of Asian Indian deaths imputed was 36%. The numbers were very similar for Koreans (5%/35%) and Vietnamese (7%/35%). The figures show the impact of the imputation over time; however, an analysis using time and geography would be particularly affected when using a deletion approach.
One novel aspect of our approach was the use of specific socioeconomic and demographic variables from the US Census in order to more completely characterize differences in counties within states. These factors have been shown to correlate strongly with mortality rates over time (26) , as well as at the area level, and explain a high proportion of geographic differences in mortality rates (27) .
Limitations
There are a number of untestable assumptions underlying the validity of using MI for imputation of missing data, including the assumption that the missing-data mechanism is ignorable and that the data are MAR. In this study we assumed that both of these conditions held, based on the intentional nature of the missing data (i.e., that the new version of the death certificate had not yet been adopted) and the fact that the missing ethnicity of the decedents was MAR within each state, after accounting for the county-and individual-level characteristics included in our model. The probability of being in the racial categories of interest may change over time in ways not accounted for in our models. However, the inclusion of a linear effect for time in some of our alternate MI approaches, intended as one way to consider such changes, did not produce noticeably different results from our primary approach. Choice of the functional form of the imputation model can also affect results, and inappropriate choices can Abbreviations: AAR, age-adjusted rate; CI, confidence interval. lead to bad inference. As an example, we included a quadratic term for age in our imputation models to allow flexibility beyond a linear term without making additional assumptions; it is conceivable that a different form might have been better. Another caveat involves the use of proper imputation versus improper imputation. An imputation is proper when the outcome model accounts for all of the variables used in the imputation model (28) . In this study, we used a modeling approach to impute race categories, which were then used to calculate descriptive statistics (rather than a modeled estimand); thus, our imputation model would be considered improper but may nonetheless be useful (29) . Unfortunately, lack of a gold standard prevents us from performing a validity analysis to explore this further.
Because our analysis is based on death certificates, misclassification of race/ethnicity is possible and can vary according to who is filling out the certificate and their knowledge of the decedent's background. Misclassification when parsing detailed Asian subgroups has been acknowledged as a limitation in reporting accurate characterizations of mortality burden (30, 31) . Rosenberg et al. (31) adjusted US mortality rates for misclassification of race and found that misreporting resulted in systematic underestimation of Asian mortality when Asians were treated as one group, but Gomez and Glaser (32) noted that this may affect some ethnicities more than others. For our imputation model, any misclassification in postadoption years would affect imputed counts. This would be differential misclassification because it varies by our outcome variable (ethnicity); unlike some simpler forms of nondifferential misclassification, the direction of this bias cannot easily be predicted (33) . Finally, we used census data to form contextual variables in our imputation model. Because the US Census Bureau obfuscates population counts below 100 at the county level, we had to take an algorithmic approach to handling these data (see Web Appendix). This approach may introduce some bias into our model by setting many low-population counties to the same value. A possible alternative approach to addressing this issue could be to use a random component in the algorithm. This could be a topic for future research.
Conclusion
When used with standard statistical tools for MI of missing values, contextual data may be useful for identifying detailed ethnicity for Asians classified as "other" prior to the adoption of more granular classification systems. We have illustrated a potentially useful tool for reporting of national mortality statistics during the nationwide "rollout" of a new standard death certificate format. 
